Abstract -Modeling is going to play a crucial role for utilities as Electric Vehicle (EV) ownership percentage increases. Utilities anticipate new demand peaks due to EV charging loads, particularly at high penetration levels. Several efforts in the utility industry have been using a demographic approach to find potentially worst overloaded distribution infrastructure and use these locations as test beds. This paper will demonstrate the methodology used in the demographics study to identify areas of interest for urban New Mexico feeders. Using existing infrastructure with real utility GIS data, several leading modeling tools were used to identify possible long-term and short-term outcomes. Using the demographic results, system-and component-specific analysis, an impact study will identify potential impacts and mitigation opportunities. The impact analysis methodology described in this paper will identify short term and long term impacts on voltage issues, protection, Power Quality, Loading, and Control. Through modeling results, data integrity gaps, generic to other utilities can also be identified. Other methods of modeling described in this paper will use Synergee (modeling tool developed by GL Group) as a baseline to simulate the EV penetration and correlate that with other Distributed Energy Resources such as PV. General conclusions will be made based on the results of the impact study. The conclusions will be used to identify business-case opportunities such as DR, TOU and possibly V2G. The modeling efforts will also support and identify gaps in modeling software in the utility and data integrity to have real time data for distribution planning for short term and long term impacts of all DERs.
I. INTRODUCTION
ELECTRIC VEHICLES (EV) are forecasted to significantly increase local power demand. The resulting load has the potential to create new peaks as well as increase existing peaks of system-wide demand. With the advancements in power electronics and battery technology, this impact will be more deterministic as EV penetration levels will be increasingly more probable. Considering that the power requirements of a single EV can be equivalent to that of a small residence, even low EV penetration can have deleterious effects on the distribution transformer when multiple EV owners are connected to the same distribution transformer. Such increase in power demand can be exacerbated by the fact that initial EV adoption profiles may not be evenly distributed across local electrical distribution networks -phenomenon also known as "clustering". Initial EV adoption is projected to be heavily dependent on household demographics such as income, educational attainment and household ownership.
The goal of this study is to define and evaluate multiple EV adoption and use scenarios based on statistical analysis approach. These scenarios will then be modeled along with other Distributed Energy Resources (DER) to develop an accurate system model of local distribution feeder(s). This paper will describe a methodology and approach for identifying different scenarios (including, worst-case) and their outcomes in terms of demand profile and impact on the distribution infrastructure. Results of these models will help to understand the new limitations in performance of a distribution grid given a variety of energy sources and loads, which are no longer static or stationary. General conclusions will be made from the results of the analysis described in this paper. These results will be associated with opportunities to mitigate above mentioned worst-case scenarios using Demand Response (DR), Time of Use (TOU) and Vehicle-to-Grid (V2G). These mitigation opportunities, although may not be developed yet, can demonstrate how technology and programs between the utility and customer can minimize the identified impacts on the grid.
Understanding the impacts on distribution systems operation requires understanding of EV load variations as well as network location. Traditional methods of load planning will not be possible due to spatial uncertainty in EV distribution, charging patterns and individuality of the new loads. The complexity of the EV penetration along with other DERs will be demonstrated in this paper through different modeling tools such as OpenDSS (EPRI), GridLab-D (PNNL), and Synergee.
II. DEMOGRAPHIC APPROACH
In this section we describe how we used the American Community Survey (ACS) to identify neighborhoods within PNM's Albuquerque services area that demonstrate a propensity for early EV adoption. The American Community Survey is an ongoing nationwide survey administered by the US census Bureau that uses a series of monthly surveys to produce annually updated demographic, housing and economic data of geographical areas [1] . The data presented in the ACS is based on accumulated responses to the survey over 1-year, 3-year or 5-year periods. The ACS data is publicly available and accessible through The U.S Census Bureau's American Factfinder web page [2] .
Utilizing Factor Analysis and the 5-year ACS data, at the tract level, we developed an EV Adoption Propensity score for each census tract within the Albuquerque area. We chose five demographic ACS data sets that we assumed to be the best predictors for the ability for a household to purchase an EV. Namely, these data sets are: Travel Time to Work, Sex By Age By Educational Attainment, Household Tenure By Vehicle and Earning in the Past 12 Months. A weighted factor, on the scale of 1-10, was determined and assigned to each subgroup within the identified ACS sets. Complete representation of these demographics is too large to be shown here, but will be reported elsewhere [3] . The weight factors were assigned based on the economic and social perception of the demographics behavior; three different experts were asked to assign such weights. The incidence of each subgroup within a tract was calculated in proportion to its overall population and multiplied by its corresponding weighted factor. These scores were summed together to obtain a Tract Score for each tract within an ACS data Table. Each tract score was then summed with its corresponding tract in the other five identified ACS tables to produce an EV Adoption Propensity Score for each tract within the Albuquerque area. The location of each tract, and its adoption propensity score, were overlaid with existing GIS data to identify the corresponding Feeder sections. Areas of deeper red in Figure 2 indicate a higher Adopting Propensity Score.
PNMs urban test area in Albuquerque consists of approximately 75 Distribution Substations and 300 feeders. Both of these analyses resulted in identifying of six feeders located in Albuquerque, New Mexico. Therefore, the remainder of this paper will focus on the analysis and modeling results of the feeder titled "Tramway 11".
A well-developed residential area, Tramway 11services 1888 residential customers and has a total of 75.04 circuit miles
III. CHARGING PROFILE
In this section we describe our approach to developing EV charging profiles utilizing the "Travel Day" (DAYV2PUB.csv) file of the National Household Travel Survey (NHTS 2009). A U.S Department of Transportation effort the NHTS compiles individual triprelated data such as miles traveled, mode of transportation and trip start-end times. The data represented in the NHTS is collected from over 150,000 completed household surveys and covers trip data over a 24-hour period. The NHTS data is publicly available and accessible through The NHTS web site. The following parameters were used when developing EV charging profiles: 1) Charging starts immediately after the last trip arriving home. 2) A usable battery size of 10.8kWh with a motor efficiency of 36kWh/100mi. 3) Charging took place at residential homes using 120V circuits. 4) Equipment charging efficiency of 80% was used, resulting in 13.5 kWh of energy to fully charge a depleted battery. The study conservatively considers only Level 1 vehicle charging (120V), which from a load perspective can be considered comparable to some typical consumer appliances. However, the addition of electric vehicle charging can still be considered of potential concern even at this level based on two feeder design parameters. First, assumed load estimates for design purposes are statically derived from existing customer data that include typical consumer appliances and devices. Given electric vehicles are new sources of load, these estimates have not been taken into account in the statistical load estimates.
Second, coincidence factors statistically derived from existing load data assume consumer appliances and devices that have relatively short operating times as compared to electric vehicle charging. Whereas, a hair dryer that operates at 1.3 kW demand may operate for 15 minutes, an electric vehicle at Level 1 charging may operate for 8 hours or more continuously. The long duration of electric vehicle charging increases the probability of coincidence with other consumer devices and other electric vehicle charging, thus potentially increasing the assumptions used Figure 1 Demographic results of 6 feeders in the NE area of Albuquerque, New Mexico. Figure 2 . Probability Density Function of miles driven and return home times.
for coincidence factor when the circuit was originally designed. From the developed driving profiles a joint probability distribution function (PDF) relating miles driven and home return times was developed. Driving profiles for each vehicle were generated according to the PDF shown in Figure 2 . From the driving profiles charging start times and hourly charging profiles were developed for each vehicle. MiddleLink files were created that contained the hourly load demand of each vehicle, resulting in 24 files for each penetration level
IV. EXISTING UTILITY DATA ANALYSIS
Using the above mentioned results from the demographics study, one of the 6 identified feeders is analyzed in respect to their presently existing loading and system peak, using Synergee. The existing limitations (feeder limits such as capacity and voltage ranges) were given to us by the utility from their SCADA and infrastructure data. Single contingency plans are extremely important in distribution system reliability. Feeder loadings should be maintained at approximately 50% of its maximum capacity as a rule of thumb unless other operating rules are considered in the design and contingency analysis. Anything higher than 50% could classify as single contingency risk such as risk of feeder outage, and need to be recovered by other feeders, which may themselves be at 50% loading. Hence, 50% loading will be a metric used in the impact analysis in the following sections to determine the impacts of different levels of EV penetration. Figure 3 shows percentage of the remaining feeder capacity from July 7th, 2011 to July 12, 2011. Data were obtained from PNM SCADA system for the six identified feeders from the above mentioned demographics.
Single contingency boundaries for deterministic analysis are shaded in blue). As seen from Figure 3 , three out of the six targeted feeders already breach into the 50% loading on a daily basis.
As on outcome of our analysis, we need to develop shortterm and long-term approaches to mitigation of high percentages of the EV penetration. The long term approach into visibility of EV penetration the impacts will be studied from a feeder loading perspective and will be analyzed at the substation level. The short term approach into visibility of EV penetration the impacts will be analyzed at the transformer level (both substation and service level transformers).
Using the 50% loading criteria, which is system deterministic, we modeled Tramway feeder 11 with 1888 existing customers and a total of 75.04 circuit miles (6.83 OH & 68.21 UG). Tramway feeder 11 has a typical nominal amp rating of 430A rated at 12.47kV at normal rating. This means that full loading of this feeder is 9.3 MW. To keep this feeder in range to be able to switch loads on another feeder, utility operations has maintained the capacity of this feeder in the range of 40-60% capacity (3.72 MW to 5.58MW). In the analysis by using different loading of EVs (penetration levels), 50% EV penetration level takes the capacity well above the 40-60% existing capacity range increasing the risk for utility operations to offload or operate a single contingency plan. Figure 4 shows calculated Tramway Feeder 11 loading for the baseline (a) and 50% EV penetration ratio (b), as functions of month of the year and time of day. As seen from Figure  4 (a), even in the baseline condition, Tramway Feeder 11 reaches loading levels greater than 50%. Figure 4(b) shows that in the case of 50% EV penetration, Tramway Feeder 11 reaches 50% loading condition more frequently, for both winter and summer load profiles. 
V. IMPACT ANALYSIS METHODOLOGY
System impacts that are dependent on transformer loading, new system peaks due to high penetration levels, and geographically clustered. Impact results will be identified by creating multiple cases with different penetration levels. Each case was modeled with each assigned penetration level along with its special and temporal distribution characteristic. The impact results were based on five different penetration levels (2%, 5%, 10%, 20%, and 50%).
Impact Analysis has again been performed on the one of six feeders, Tramway Feeder 11, identified from the demographic results. First, the model needed to be calibrated such that the calculated load is in correlation with the measured load of the substation feeder, as described in modeling approach. Then, a power flow analysis run was performed in SynerGee for each of the test cases listed in Table II . Hence, such approach utilized statistical analysis combined with the component and system deterministic characteristics, as depicted in Figure  5 .
To further illustrate the results, Figure 6 shows the 2D map of voltage drop under 50% loading as a function of time and distance. This plot illustrates that significant voltage fluctuation, which may reach outside of ANSI-A range can be observed throughout the day. Such voltage fluctuations may be dangerous for the cases of uncoordinated (or unscheduled) EV charging when commuters arrive from work and plug their vehicles in to charge ("dump" charging).
Such impact results will be used next to make general conclusions for mitigation strategies such as demand response and capacity applications. With high enough capacity of EV batteries, storage opportunities can be used to mitigate need for increased utility capacity and/or infrastructure upgrades. Above mentioned impact results will be classified and assigned to the mitigation opportunities such as V2G, Demand Response, and Smart Charging.
IV. MODELING APPROACH
Numerous approaches have been done by different research groups in recent years to build a comprehensive model of distribution systems [4] . Open-DSS [5] by EPRI is an open source software developed mainly to provide tools for modeling distribution systems which are not necessarily balanced. Open-DSS is a power flow solver which has various capabilities as fault analysis, harmonic analysis and time based analysis in snap shot, daily or longer term modes. It can be used as a COM object to provide more versatility for other software as MATLAB® to be used for further analysis. Detailed properties of different types of loads could be modified to make a better match with the real system. A major advantage of OpenDSS is the ability to perform time series analysis instead of just solving power flow problem in snap shots. Hence, daily, weekly and yearly analysis are made possible by their means. We have based our modeling process to take better advantage of their capabilities as well as compare the results as a verification tool. Until the real time load data of every customer becomes available through the use of AMI, with capability of sending real time data to the utility, we need to have an accurate model of the highly distributed loads connected to the distribution feeders. Complete feeder models with a close approximation of loads and distributed generation is one of the most important tools to build a real time model of distribution feeders. Both modeling software have a complete selection of fully developed object models to be used for building the feeder. Once the loads were added to the model, we had to validate the results and compare them to the observed demand at the substation. We proposed a load estimation algorithm and introduced metrics for assessing accuracy of the algorithm. To prove scalability of the load estimation algorithm we tested the same feeder on different days with different load profiles. Results showed adequate consistency. As shown in Figure 7 , cumulative load at the substation with 1-minute resolution has sharper variations than the observed demand data while it follows the same trend feeder demand shows. We needed to calibrate load shapes to get the best cumulative load at the feeder's source. As a next step, a varying number of EV as loads, have been added to the feeder models. Results of these models will be presented at the conference. By modeling time varying and multiple EV charging profiles, we can establish worst and best case scenarios , based on parameters such as charge times, vehicle charge Level, etc, and correlate them with PNMs system peak load on a feeder basis. Each case will have its associated penetration level to determine the actual impact result to assign to the mitigation opportunity. The mature models with high penetration of EV will support and integrate PV penetration as well as EVs to look at mitigating voltage control at the Substation (LTCs). This will be described in the future work.
VI. MITIGATION OPPORTUNITIES
As future work, three main mitigation opportunities will be assigned to each general assumption from the analysis above. Vehicle to Grid (V2G), Demand Response and Smart Charging. Demand Response using EV can be a benefit to the utility and customer consumption from the grid by reducing their consumption at critical or peak times. FERC Definition Changes in electric use by demand-side resources from their normal consumption patterns in response to changes in the price of electricity, or to incentive payments designed to induce lower electricity use at times of high wholesale market prices or when system reliability is jeopardized. A recent study funded by the Department of Energy shows 1.3-1.8kw can be saved per customer by a demand response application. By utilizing technology and applications such as TOU and DR, 1.7MW (note: 1888 customers on feeder analyzed) can be mitigated to non-peak times of day and/or areas. This is almost half of a typical feeder capacity and could result in capital savings towards the cost of a peaking resource such as a $5-6M substation. V2G can also inherit the mitigation opportunities through a demand response program in respect to discharging. So far, electric vehicle adoption is only focused on how to connect the vehicles to the grid, which from a utility perspective is an issue in itself in both short and long term capacity. Future V2G technology will be added to the mature models to study the aggregation of the storage capability and how electric vehicles could provide support to the grid. Although still in conceptual stage in the industry, NIST established a working group for V2G to develop interconnection standards at a national level in 2011. This is an opportunity to connect to a grid operator through a demand response program. Vision is to have EV discharge to supply the customer load or possibly even have the power flow back to the grid when plugged into a charging station. In aggregate, V2G is an opportunity for use as an energy storage resource. The impact analysis will identify the predictable patterns for an aggregate of Energy stored to be used by the utility. An aggregate of residential EV's equaling 50% of the customers on feeder will produce just greater than the 1MW capacity. (This is assuming a residence on a 15A at 120V.) In the near future opportunities and predictable patterns may point to large fleet vehicles or large communities (geographically contained on a primary circuit).
Another important part of this method of analysis is that it will support one of the many benefits of consumers to utilize smart metering for the two way communication for control and demand response from customer to Utility operators.
Mature models with high penetration parameters loaded will be supporting optimal TOU charging and discharging times. Algorithm results to optimize optimal TOU will be offset to PNMs seasonal system peak load.
VII. SUMMARY
Increasing penetration of EVs will definitely affect utilities' distribution circuits. The limits of the impact analysis and its confidence of the general conclusions are dependent on penetration levels, EV owner charging behaviors, and driving patterns. Not all impacts identified will have the same effects on all distribution circuits. The analysis methodology described in this paper reported on multiple scenarios of EV charging patterns.
Utilities need information from accurate models to predict the impacts of EV penetration from a planning perspective. In addition to planning for EV penetration, the modeling approach using 6 different feeders can optimize distribution system planning and identify the impacts of integrated renewable energy resources. Furthermore, mitigation opportunities can be suggested using customerbased programs (such as DR) and future developing technologies (such as V2G). Gaps can be identified in data by comparing modeling methods in the utility and results in OpenDSS, GridLab-D, and Synergee. Utilizing real data modeling with the methods mentioned in this paper will be an integral part to support smart grid solutions in the utilities.
